abstract: Inequalities in reproductive success or resource acquisition are fundamental to evolution and population ecology. There is, however, no unique way to measure inequality. We review 21 measures used to quantify it and clarify the conceptual difference between inequality and skewness. In two very different families of distributions, all indices except three give higher values for more unequal distributions of resources, although some of them are poor at distinguishing between similar inequality values. When applied correctly by testing against a null hypothesis of no inequality among individuals, most indices can therefore be used to detect deviations from randomness, but with varying ease as most lack statistical tables and rely on resampling techniques instead. As an example to test the performance of the 21 indices, we used each index to analyze 71 data sets of unequal mating success in leks. In pairwise comparisons, 24% of the indices fail to show a positive intercorrelation. This reflects differences in how indices incorporate variation in the number of competitors and mean acquisition of the resource. All indices are sensitive to these aspects if inequality is measured in data arising from different distributions. These results illustrate the general conclusion that a unique "best" solution is not available; each measure presents its own definition of inequality. The choice of an inequality index requires specifying the null expectations and interpreting deviating values in relation to the biological question being addressed. This means, for example, considering individual male mating success in the context of lekking or relating the mass distribution of individual plants to alternative hypotheses about competition in plant population ecology. When sample sizes vary, testing robustness by using several measures is advisable.
Measuring and quantifying differences in individual performance is of central importance in evolution and population ecology. Variation in reproductive success is a prerequisite of evolutionary change. For example, unequal mating success arising through competition over mates is the very phenomenon that defines sexual selection (Darwin 1871; Andersson 1994) . Therefore, demonstrating the presence of sexual selection requires that the number or quality of mates are spread less evenly than random processes would suggest in at least one of the sexes. Unless the inequality itself can be shown to exist, and preferably measured and tested for significance, any further study of the causes behind it is fruitless. Likewise, individual variation in fitness is fundamental in population ecology. As an example, it has been argued that the relative stability of plant population dynamics compared with animals is caused by the large variation in fitness among individuals of different sizes (Rees and Crawley 1989, 1991; Silvertown 1991) . As another example, the theory of density-dependent habitat selection predicts that lower-quality territories become occupied as population size increases, such that a decrease in mean reproduction is linked to increased variation in individual breeding success (Morris 1989; Dhondt et al. 1992) . Other examples of the importance of inequality are found in group foraging theory (Ranta et al. 1995; Livoreil and Giraldeau 1997) and in considerations of benefits of cooperative breeding, where reproductive skew theory (Keller and Reeve 1994; Sherman et al. 1995; Reeve 1998 ) aims at explaining group living when individuals differ widely in their reproductive chances.
Given the fundamental evolutionary and ecological importance of inequality, it is not surprising that numerous indices have been proposed to measure it. More surprisingly, however, no comprehensive analysis of the benefits and drawbacks of all the proposed indices exists. A first step toward such an analysis has been a recent discussion concerning the properties of so-called skew measures developed to quantify variation of mating success of lekking male birds and queens in insect societies (Mackenzie et al. 1995b; Keller and Krieger 1996; Pamilo and Crozier 1996; Kokko and Lindström 1997) . Here, we extend this work by analyzing 21 measures of inequality that have been used in the fields of behavior, ecology, and economics and by showing that these measures have very different properties.
We draw our example data sets from studies of leks, but we emphasize that the implications apply to any system where variation in the distribution of a resource to individuals is of interest. These include intake rate during foraging, area defended by territorial animals, plant mass, or traits directly related to fitness such as offspring production. Leks have been chosen as a focal example for this discussion because in these non-resource-based breeding systems, unequal mating success is easy to observe. According to the definition of a lek-an aggregated display of males, which females visit for the purpose of fertilization only -no paternal care is involved. Therefore, the fitness of a male can be assumed to increase linearly with the number of matings (if matings are equivalent to fertilizations). This assumption is especially well founded in species with only one successful copulation per female per year, for example, in many grouse species (Wiley 1973; Robel and Ballard 1974; Kruijt and de Vos 1988; Alatalo et al. 1996) . Moreover, in classical leks, copulations occur in a well-defined area and usually over a restricted season . The relative simplicity of leks thus makes the idea of constructing a systematic measure of inequality especially appealing.
This article aims to illustrate the difficulties associated with the measurement of inequality and proposes solutions to these problems. For the sake of clarity, a unifying notation has been developed when presenting the various measures. The common features and differences among the various measures should therefore be more easily perceived than in the original papers. We include several inequality measures generally applied outside biology; for example, economics. Furthermore, we examine the performance of the measures using random samples from predefined distributions. These results are compared with values derived from observations on natural leks. The outcome is used to make general recommendations about measurements of inequality.
What Is Inequality?
One clear reason for the multitude of inequality indices is the lack of a mathematical definition of inequality-if one existed, it would be fairly straightforward to seek an estimator for it. When deriving a measure for inequality, one seeks to quantify a pattern of some resource being shared among n individuals. We hence use the general term "resource acquisition" for the currency for which inequality values are derived. The results apply to a wide range of interpretations. Thus, in studying competition between plants, these measures could apply to mass, number of pollinators, light intercepted, or seed number. In the examples considered here, we interpret the resource as mating success of lekking males.
Inequality and "Skew"
At this point, one needs to address a semantic confusion that exists in studies of inequality. Many of the measures that aim to quantify inequalities among individuals, especially in the fields of sexual selection and reproductive skew theory, are called skew measures. Inequality, however, is intuitively more linked to the variance in resource acquisition among individuals (roughly, magnitude of spread around the mean) than to skewness, the statistical definition of which is related to the shape of the spread around the mean. Mathematically, variance is equal to the second moment of a distribution, whereas skewness is related to the third moment. Therefore, a skewed distribution of resource sharing may have smaller variance than a nonskewed distribution, and a nonskewed distribution may show pronounced inequality among individuals ( fig. 1 ).
This confusion probably arises from the usage of phrases like "skewed male mating success" to describe unequal success (e.g., Widemo and Owens 1995; Keller and Krieger 1996; Kokko 1997) . Such phrases stem from the following idea. When R resource items are shared among n individuals, one can state the null hypothesis that each indi- , where large values of the parameter l indicate strong inequality. A model with equal propensities, produced by (A), gives l = 0 rise to a realization of observed resources for each individual (B). When individuals are ordered according to observed success, the resulting graph of individual resources (C) can be wrongly interpreted as indicating inequality (such plots are not distributions, but they are often used to visualize unequal reproductive success; see Futuyma 1997, p. 587 , for a recent textbook example). D, Frequency distribution is Poisson and hence not expected to be symmetrical when samples are small. E, Apparent inequality is visible as a deviation of the cumulative proportion of resources (the Lorenz curve) from the straight equality line. The same procedure for unequal resource gain propensities (eq. [17] with l = ) produces a qualitatively similar but more pronounced outcome (a-e). 0.5 vidual has equal probability ( for all ) p = 1/n i = 1, ..., n i to gain each incoming resource unit and test this against some alternative hypothesis of being unequal. We refer p i to the probabilities as the individual resource gain prop i pensities. If individuals are ranked according to their p i values, the plot of individual propensity versus rank has a "skewed" shape when individuals differ in their propensity of gaining resources but becomes even when all propensities are equal ( fig. 2) . Hence, "skewed success" refers to the assumed underlying gain propensity distribution being skewed ( fig. 2A, 2a) , not to the skewness of the observed data (figs. 1, 2D, 2d). Still, one must note that the formal definition of skewness would classify some propensity distributions with unequal probabilities as not being skewed: an example is a step function, where the first individuals are equally successful and share gain n ϩ propensities , and every individual thereafter has p = 1/n i ϩ
. A further complication is that propensities underp = 0 i lying a specific data set are unobservable, and approximating them with an observed ranking of resource gains is likely to produce skewed appearances even if the underlying propensities are exactly equal (e.g., Mackenzie et al. 1995b;  fig. 2 ).
To avoid confusion, one also needs to realize that the word "distribution" has three very different meanings in this context. First, the individual propensity values form p i a probability distribution that describes the fate of each of the R resource items. Second, when subjected to a situation where the n individuals compete for R items, the propensity distribution gives rise to a distribution of numbers of individuals that will have 0, 1, ), R resource items; this is a so-called occupancy distribution (the classical occupancy distribution if for all i; Johnson and Kotz p = 1/n i 1977). Third, the observed data can be shown in the conventional form of a frequency distribution ( fig. 1 ). This will be Poisson if the propensity distribution is even (consists of n values of height 1/n). The graphs of the propensity distribution and the frequency distribution can look very similar, but they describe inequality in very different ways ( fig. 2 ).
Criteria of a Good Measure
Many inequality measures attempt to produce a measure from observed data that would correspond to the degree to which the propensity distribution deviates from equal values . This degree unfortunately also lacks a forp = 1/n i mal definition, since deviations from equal propensities can be constructed in many ways, and constructing a onedimensional scale for arranging various deviations is a somewhat arbitrary task (Cowell 1977; Coulter 1989) .
However, there are several sensible criteria that should apply to any measure. Natural requirements are that all observations that arise from the null hypothesis of equal gain propensities (1/n)-regardless of total resource acquisition R or the number of competitors n-should ideally be interpreted as indicating no inequality, that all observations that arise from unequal gain propensities should be given positive inequality values (assuming that 0 is chosen as the value of equality), and that the maximum inequality should occur when one individual monopolizes all the resource with propensity . Practically, samp = 1 1 pling error will make it difficult to detect small deviations from equal propensities, and a good measure should have high power in doing so. Preferably, the distribution of the measure value under the null hypothesis should be known; very few of the recently proposed measures satisfy this criterion (table 1) . Further, the distribution of measure values should shift monotonically upward when the propensity distribution is changed in a way that unambiguously increases inequality. It is generally agreed that inequality is unambiguously increased if resource units are transferred from an individual with a smaller share to an individual with a larger share (the Pigou-Dalton principle of transfers ; Dalton 1920; Pigou 1920) .
Measures that aim to quantify the inequality of the propensity distribution are focused on the underlying gain propensities of individuals, not on their realized achievements. Proponents of such measures typically state as an additional requirement that changes in the total resource R being divided should ideally not affect the expected measure value (e.g., Ruzzante et al. 1996) . For example, estimates of inequality of male copulatory success in leks should not depend on how many copulations the researcher has been able to observe. Many of the measures tend to respond to R, however, and insensitivity to R, or the mean resource acquisition , has been specifix = R/n cally sought (Ruzzante et al. 1996) . However, a completely alternative view exists, which interprets increases in the measure value with increasing R to have a true meaning: a lek where one male monopolizes all females has, in absolute terms, a bigger evolutionary impact if the male inseminated 20, rather than two, females (see Tsuji and Tsuji 1998) . One can hence divide measures into two groups, those that quantify relative inequality (by having an upper bound for the inequality value, regardless of R), and those that respond to absolute differences. We do not attempt to judge their relative superiority (see Coulter 1989 and Tsuji and Tsuji 1998 for a discussion) .
A similar requirement is for insensitivity of the measure value to changes in the number of competitors n (Ruzzante et al. 1996) . Again, counter arguments can be made: a single monopolizing male can be seen to indicate higher inequality if he outcompetes 100 rather than 10 other males, and, of course, the opposite argument of lower inequality can be defended from the viewpoint of the unsuccessful males. In addition, there is no unique way to define how a propensity distribution should change when a new competitor is added, to yield an unchanged level of inequality-unlike in the context of changing R where the propensity distribution can simply be left intact. Hence, we report the behavior of each measure when R and n change, but we focus on the two main criteria mentioned above: ease of recognizing unequal propensities (i.e., ease of obtaining the measure value distribution under the null hypothesis and the power of detecting deviations from it) and the ability of the measure to detect differences between cases where inequality is increased in an unambiguous way.
Measures of Inequality
In the following discussion, the terms "measure" and "index" are used interchangeably, although we note that there has been a tendency to use the name "index" for measures that are bounded within a predefined range (usually from 0 to 1). The definitions and some summarizing properties of the measures are presented in table 1. We calculate, where possible, three expected values of the measure (table 1): expected value under the assumption that every individual is observed to have the same share (i.e., the variance of the frequency distribution equals 0); under the assumption of equal gain propensities, that is, that each resource unit is randomly assigned to an individual (resulting in a Poisson distribution of resources); and under conditions where one individual completely monopolizes the resource. We denote the first case by observed resource shares being even and the second case by them being random; one should keep in mind that equal gain propensities result in the second case rather than the first.
Measures Based on the Variance of Resource Acquisition
Sample Variance and Its Modifications. According to Fisher's fundamental theorem of natural selection (1958), the rate of evolutionary change in a population is proportional to the variance in fitness. It is therefore natural to start by considering variance as a primary measure of inequality. Variance (of the frequency distribution) relates naturally to the spread of individuals around the mean. Also, it has the advantage of having a well-defined distribution (Poisson) under the null hypothesis of equal gain propensities. It is an absolute measure in that it reflects variations in the total resource level R.
In the context of sexual selection, many early studies have sought differences in the variance of breeding success either between males and females of the same species (Trivers 1972; Wiley 1974; Payne 1979) or between males in polygynous and monogamous species (Payne and Payne 1977) . Variance in the number of mates per male has been employed by a number of authors to assess the opportunity for or intensity of sexual selection in males (Bateman 1948; Crow 1958; Wade 1979; Wade and Arnold 1980) .
The sample variance of the number of copulations, either reported directly or scaled by dividing by the mean number of copulations , has been applied to several x = R/n lekking species. Kruijt and de Vos (1988) 
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hypothesis of random mating. H = null 0 sonal and lifetime mating success of males; these values are considered "high," but no further justification is given. Significance of such measures can be tested following Krebs (1989, pp. 76-78) , who defines as the index of 2s /x x dispersion I. This measure has also been used in foraging theory (e.g., Grant and Kramer 1992) . Another scaling possibility is implemented in the definition of the coefficient of variation, . This is a more commonlȳ CV = s /x x used measure of variability (e.g., Davidson 1978; Pacala et al. 1990; Bryant and Grant 1995; Livoreil and Giraldeau 1997; Yokozawa et al. 1998) .
Despite the connection to Fisher's (1958) fundamental theorem, the use of sample variance, or measures derived from it, to measure the strength of selection has its drawbacks. For example, in studying sexual selection, Sutherland (1985b Sutherland ( , 1987 has pointed out that variance does not adequately measure the inequality of mating success. Even if the processes determining the number of mates per male-be they simply female encounter rate, female choice, or the monopolization of a group of females-were exactly equal for all males such that every female was assigned randomly to a mate (corresponding to equal gain propensities), some of the males would have higher than average mating success because of randomness of sampling ( fig. 2 ). Random mating is thus not bound to give 2 s = x , while truly unequal mating success may, in extreme 0 cases, produce zero variance by chance. Therefore, some variation in the distribution per se, a positive variance, for example, is not enough for detecting deviations from randomness (i.e., equal gain propensity values of individuals); the measure must be shown to give a higher value of inequality than can be expected from random mating, with an acceptable confidence level. In fact, the problem of distinguishing nonrandom mating from chance events goes deep enough to question the classic study of unequal mating success in Drosophila (Bateman 1948) : when subjected to a statistical comparison against a suitable null model, none of Bateman's pioneering experiments yields a significant deviation from purely random mating (Sutherland 1985a) .
Correct application of the sample variance requires testing against the expectations of the null hypothesis and acknowledging that comparing two inequality values may be confounded by or n when sample sizes vary. When x correctly applied, variance has the advantage of being partitionable into components (Brown 1988) . In an analysis of lekking studies, Mackenzie et al. (1995a) identify the effects of sources of variation in addition to chance on the observed variance in mating success: variation in male and territory quality, male attendance times at leks, and degree of female synchrony, aggregation, and copying. By measuring variance in mating success in 36 leks of 20 species, they obtain a regression against lek size with all points lying above the curve of variance expectation from random mating. In four leks with more detailed data, their method allows calculating components of variance in male mating success that are caused by random mating or differences in male attendance times. The leftover component is then attributed either to differences in male quality or female copying and aggregation.
The Morisita Index. Wade (1995) and Tsuji and Tsuji (1998) suggest applying measures of spatial clumping (distribution indices) to testing inequalities of reproductive success. Tsuji and Tsuji (1998) recommend the Morisita index (Morisita 1962) :
This measure has a well-defined distribution of values under the null hypothesis and the additional asset of an expected value 1, independent of R and n, when gain propensities are equal. The minimum and maximum values of it are if all individuals have equal 1 Ϫ (n Ϫ 1)/(R Ϫ 1) observed shares of the resource and n if one individual monopolizes all the resources. It is again important to distinguish between observed shares being equal and the gain propensities being equal: the former gives a lower bound less than 1, while the latter gives 1 as its expected value. The choice for the range of values is, of course, arbitrary and can be rescaled, as for any index. Specifically, the Morisita index can be standardized to have the expected values for even, random, and monopolized cases equal to Ϫ1, 0, and 1 (Krebs 1989; Tsuji and Tsuji 1998) , and the width of 95% confidence intervals will then always have the value 0.5. Values that can be interpreted as indicative of significant inequality will therefore only lie in the range [0.5, 1].
Measures Based on the Variance of the Proportion of
Resources: "Skew Indices"
As noted by Mackenzie et al. (1995a) and Tsuji and Tsuji (1998) , both the expected variance and its maximum value increase with the total resource level R (e.g., number of copulations occurring on a lek). For a measure of inequality, such an absolute response can be considered an inconvenient property, since the same assemblage of individuals will show ever-increasing values of the inequality measure when the estimate is based on a growing sample.
When sampling is known to be incomplete, a way to overcome this problem is to restrict the study to relative differences among individuals and introduce an upper bound that indicates complete monopolization in the observed sample. One possible rescaling was implemented in the Morisita index above. Alternatively, basing a measure on the proportion of shares instead of the
themselves, bounds for the measure arise naturally because of the limitation
The usual goal of measures based on proportional shares is to make the measure bounded between the values 0 and 1, such that large values indicate strong inequality. So far, all such measures have been called skew indices. To distinguish between them, short characterizations have been added to the name of each index (table 1) . To avoid confusion, we have retained the suggestion of skew in their names, even though the connotation to skewness of distributions is unfortunate (as discussed in "What Is Inequality?" above).
The simplest proportion-based skew measure is the Herfindahl index (Nelson 1963) :
which has the range [1/n, 1]. While the criterion of boundedness is fulfilled, randomness (equal gain propensities) is not easily detectable with this measure since H does not have an expected value of 0, or any other fixed value, under the null hypothesis. This measure has some currency in economics and health statistics (e.g., Michelini and Pickford 1985; Baumgardner and Marder 1991) , and it is algebraically equivalent to Simpson's measure of species diversity (Simpson 1949) . It has never been used as a measure of inequality in the lekking literature. 
To set the maximum skew equal to 1, Bradbury et al. (1985) scale by the number of males, n: Hence, natural leks are interpreted to have higher variation in mating success than can be accounted for by the processes considered in that paper (females choosing independently according to morphological, age-dependent, or spatial traits). Significance tests for individual data points are not provided, however.
The B values are used in a study of sharp-tailed grouse Tympanuchus phasianellus (Gratson et al. 1991) to compare the mating skew before and after the removal of "hotshot" males. However, the values obtained are not discussed in terms of significance or the effect of changing male numbers in the experiment. Also, Choe (1994) gives B values for six colonies of the insect Zorotypus gurneyi, with the resulting claim that the mating skew in this species is considerably more pronounced than in lekking species. Again, possible differences in n or R are not considered in this comparison.
The Weighted Skew Index. Another modification of using the variance of the proportion of resources stems from studies of unequal reproductive success in ant societies. The weighted skew index (Keller and Vargo 1993; Reeve and Ratnieks 1993) resembles the bounded index of Bradbury et al. (1985) , but it uses the scaled sample variance, , calculated within those individuals with positive 
The weighted skew index, W, is then formed as a weighted sum of and 1, with weights equaling the num-B ϩ ber of successful and unsuccessful individuals, with the additional definition that is set to 1 if :
The weighted skew index is used widely in studies of skewed reproductive success in eusocial insect societies (Keller and Vargo 1993; Reeve and Ratnieks 1993; Bourke and Heinze 1994; Reeve and Keller 1995) . It has also been applied to data on male mating success in leks (Widemo and Owens 1995) , as well as to communally breeding birds (Jamieson 1997) ; the latter case combines the usage of the weighted and the linear skew index (see "Other Modifications" below). The weighted skew index has been criticized on two grounds. First, the curious way of dividing the data set into successful and unsuccessful individuals gives rise to discontinuities in the measure (Pamilo and Crozier 1996) , depending on whether individuals with low success have zero or only a very low number of offspring. Second, as is common for all measures considered so far, values of the measure do not relate directly to any underlying model. Therefore, direct comparisons of societies of different sizes are not reliable, nor are deviations from randomness directly observable (Mackenzie et al. 1995b) .
To correct for random mating, Keller and Krieger (1996) proposed a method where W is scaled according to the expectation of W, assuming random mating (null hypothesis ):
[ ]
The resulting index , the weighted skew index cor-W rection, has been proposed to represent the truly unequal component of variability in mating success. However, the analysis of Kokko and Lindström (1997) shows that the effect of this correction is unclear: there is still no direct guideline for accepting or rejecting the null hypothesis of random mating according to the value of . As an extremẽ W example, the corrected index may yield negative values. The lower bound for the weighted skew index is , W = 0 but the expectation E is always positive, giving a
Negative values imply less variation than expected by chance, but as the confidence intervals for this statistic are unspecified, interpretation of small positive values remains unclear. Recently, a simpler alternative has been developed that relies on resampling under the assumption of the null hypothesis (L. Keller and M. Krieger, unpublished data) .
The Iterative Skew Index. Kokko and Lindström (1997) developed another way to handle random variation, finding a range of distributions of mating probabilities that may underlie the observed pattern. Here, instead of using the null hypothesis of equal propensities as the only distribution against which to test the data, the hypothesized distribution of mating probabilities among males is allowed to vary according to a geometric distribution with a skew parameter K, ranging from 0 (all males having equal propensities) to 1 (only one of the males monopolizing all matings):
i n
Note that the values and require a limit in-K = 0 K = 1 terpretation, giving equal and monopolized gain propensities, respectively. Recording the distribution of sample variance values that can result from observed share dis-2 s p tributions, the range of probable gain propensities behind the observed pattern can be found. This yields an iterative estimate for K, as well as its confidence limits. The value of the parameter K is the iterative skew index.
The null hypothesis of no inequality can be rejected if the confidence limits for K exclude the value 0. In addition, with the estimate for K, a model describing the individual mating propensities can be derived. Therefore, the skew index value can be interpreted as the most likely gain propensity distribution for the given number of competitors and the total resource. Since the method is based on an assumption of geometrically decreasing mating probabilities, the validity of this assumption should be checked by a goodness-of-fit test, although the method is expected to be robust to deviations from this condition. A program for calculating this index is available from the authors.
Other Modifications. The weighted skew index W has given rise to two additional modifications, though the relationship to the bounded index B remains at least as strong. Hovi et al. (1996) use the mean error of values, instead p i of the square norm used to form the sample variance, and get an expression for the mean error skew index:
Hovi et al. use the measure in conjunction with simulation to test the null hypothesis of random mating. Pamilo and Crozier (1996) improve the weighted skew index by first removing the classification of individuals into categories of zero and positive success, such that the definition is restored to that of Bradbury et al. (1985;  the bounded skew index). The variable B can be written in the form 
where the linearity can be seen by assuming that p = i for the first males and 0 thereafter:
This measure gives the value 0 for equal observed shares ( in the above example) but not for data arising n = n ϩ from equal propensities. However, sampling is rarely a problem in the study of insect societies with high mean number of offspring for which this measure is primarily intended (Pamilo and Crozier 1996; but see Jamieson 1997) .
Measures Based on the Cumulative Proportion of Resources
A few measures used in the field of sexual selection do not rely on the variance of mating success but on the shape of the curve describing the distribution of observed matings. Wiley (1991) suggests using a curve representing the cumulative proportion of ranked mating success, a Lorenz curve ( fig. 2E, 2e ; Lorenz 1905; Pen 1971) . The implicit assumption here is that the more the resulting curve deviates from a straight line, the more pronounced is the inequality on that lek. However, because of the sampling problems mentioned above, it is clear that the interpretation of the shape of the graph is far from simple. Equal gain propensities (i.e., random mating) would not produce a straight line ( fig. 2E) . A variety of measures have been derived to summarize the difference between the observed Lorenz curve and perfect equality. The simplest of these is the Herfindahl index described above. The area between the Lorenz curve (see fig. 2E , 2e) and the "equality line" is the Gini coefficient, which can be expressed as
n x
This measure has the range [0, 1]. Another description of the cumulative curve, the Pietra ratio (or "Robin Hood index"), measures the maximum deviation of the cumulative proportions from the equality line (see fig. 2E , 2e):
which has the range [0, 1]. Both the Gini coefficient and the Pietra ratio have been widely applied in economics to assess inequalities in income (e.g., Kennedy et al. 1996) , and the Gini coefficient had a period of popularity in plant ecology (e.g., Weiner and Solbrig 1984) . In studies of leks, Alatalo et al. (1992) and use a similar approach to the Pietra ratio, defining the cumulative skew index, C, as the cumulative proportion of matings obtained at the arbitrary point of the curve, that is, by the top 20% of the x = 0.20 males. Höglund et al. (1993) use the same equation but adopt the value . However, as a summary of the x = 0.25 inequality described by the cumulative curve, the loss of information for all points except one is a clear drawback. In addition, the interpretation of (or 0.25) is amx = 0.20 biguous if the number of males is not divisible by five (or four), and the problem of detecting nonrandom mating is again not resolved.
Further Alternatives
The number of indices used to reflect mating inequality in leks almost equals the number of studies presenting such indices (table 1). As pointed out by Tsuji and Tsuji (1998) , any dispersal index (reviewed in Krebs 1989 ) could be applied to assessing differences in reproductive success as well. Further alternatives can be found in the economics literature (e.g., the Pietra ratio above). There is no a priori reason for lek-breeding studies-or any other study field of unequal resource sharing-to continue using the subset of inequality measures hitherto used if better indices exist. An astoundingly large variety of potentially suitable indices exist, for example, in the field of measuring species diversity (Magurran 1988) or in social sciences: Coulter (1989) lists 40 different indices used for measuring inequality in the distribution of wealth. Including all possibilities is far beyond the scope of this article. Instead, we include four further measures as representative examples from economics, population ecology, and other disciplines: the Poissonian deviance d, a measure of the difference between the mean, being the Poisson expectation of the variance, and the observed variance; Green's coefficient F (Green 1966) , which has also been called the index of monopolization Q (Ruzzante et al. 1996) , both used in an ecological context; Lloyd's mean crowding index * m (Lloyd 1967) ; and the Theil index (Theil 1967) .
I v In addition, we investigate the behavior of two skewness measures: the moment skewness g 1 , which is the standard measure of skewness produced by most statistical software packages, and the L-moment skewness g L (Royston 1992 ), a statistical tool that attempts to overcome limitations of the moment skewness. These two are not primarily developed as inequality indices, as they measure the shape of a distribution rather than its spread; however, we include them here because their connotations with "skewed success" have caused at least one of them to be used in the study of sexual selection (Clutton-Brock et al. 1997) .
Comparison of Measures
A comparison of expected values under even shares, equal propensities (random shares), and monopolized resource sharing reveals that authors of most measures have not worked out an expected value, let alone the distribution of the measure value, under the null hypothesis of equal gain propensities. Most measures instead give the value 0 for equal observed shares and give positive inequality values when individuals do not differ in their gain propensities but are subject to random sampling (table 1) . This means that testing against the null hypothesis has to be done by computing-intensive simulation. Some measures such as the sample variance , the index of dispersion I, To get a more thorough view of the performance of the measures, we generated sets of two individual gain propensity distributions for generating observed resource share data and estimating the resulting index values. We chose two distributions that are markedly different but that can both be parameterized to give a gradual transition from equal to completely monopolized propensities in ways that reflect unambiguously increasing inequality values (in the sense of the above-mentioned Pigou-Dalton principle of transfers; Dalton 1920; Pigou 1920) . Geometric distribution: the propensity was set to dep i crease geometrically for individuals of successive ranks, as in equation (10):
The higher the value of the parameter l, the more pronounced is the aggregation of resources over the first few individuals, and the measured inequality index should increase correspondingly.
Step function distribution: the first individuals share n ϩ an equal propensity to obtain resource items, and the remaining n 0 have zero propensity. The equation ren = 0 0 duces to an equal propensity distribution, and the measured inequality should increase with an increasing number of unsuccessful individuals, n 0 /n.
We note that while both alternatives can be thought to provide monotonic increases in inequality, the lack of a universal definition of inequality prevents us from providing a scale for comparisons between the two distribution families.
To see the effect of a changing number of competitors and mean resource level, both sets were tested with five competitors (e.g., lekking males) with mean per capita resource (e.g., copulations per male) being ( x = 1 R = ); five competitors with ( ); and 50 com-5 x = 10 R = 50 petitors with ( ). Because the two latter cases x = 1 R = 50 yield a larger sample, they are expected to suffer less from sampling error than the first. In the geometric distribution, values of l were varied from 0 to 1 with steps of 0.1. In the step function distribution, the only possible values of n 0 /n are {0, 0.2, 0.4, 0.6, 0.8} for cases with five males. With 50 individuals, the values were evaluated, where n /n = {0, 0.1, 0.2, ..., 0.9, 0.98} 0 the maximum of 0.98 corresponds to monopolization of the resource by one individual. For every value of l and n 0 /n, 1,000 data sets were generated by resampling R items from the corresponding gain propensity distribution, and all inequality measures were applied to each set obtained. For the cumulative skew index , C t the value was chosen (as in Alatalo et al. 1992) . C 20 The distributions of all measures should shift upward with l and /n. All measures satisfy this (figs. 3-6), with n 0 (fig. 6 ). The failure of moment skewness g 1 is unsurprising given its vague relationship to inequality ( fig. 1) . However, the failure is surprisingly slight: it did not fail in the geometric distribution of gain propensities. The general result suggests that the various measures tend to satisfy the increase requirement when inequality is unambiguously increased, at least under the two distribution types studied.
Note that an increase in the measure of inequality does not guarantee a high resolution, that is, ability to distinguish between similar l or n 0 /n values based on the measured value of skew. Ideally, adjacent distributions of the inequality measure should be nonoverlapping to accomplish high resolution. Since similar values of l or n 0 /n give very similar resampled distributions of resource sharing, all measures suffer from low resolution if n and are small x (figs. 3-6, filled dots). This type of low resolution is based on the effects of sampling error and cannot be avoided. In addition, however, some indices show poor resolution because they fail to distinguish between truly different distributions. The cumulative skew index shows the C t worst performance in this respect, not distinguishing among several cases with high inequality if the lek is large (fig. 5) .
The measures differ greatly in their responses to increasing n or and may show completely opposite bex havior. As an example, there exists no a priori definition for answering the question, say, of whether 40% of in- It is important to note that there exists no measure that would keep inequality values for just two distributions (geometric and step function) unchanged when bothx and n are allowed to vary. The correct shape of the measure's response to increasing inequality is truly a matter of definition: as a multitude of deviations from equal propensities are possible, one cannot find a unique answer to the question of how a propensity distribution should change when its "inequality" is multiplied by a factor of 2. One important aspect of the resolution of the indices is the statistical power for distinguishing between random resource acquisition and a significantly unequal distribution of resources. Ideally, an index should have a fixed, easily interpreted expected value for random data (indicative of equal gain propensities), the usually preferred value being either 0 or 1. Several measures give 0 as a median value (figs. 3-6), but the interpretation of slightly deviating values requires resampling unless critical values are provided. In resampling tests, the power of the measures turned out to be very similar, with most of them performing exactly equally to the simple test provided by the sample variance ( fig. 7) . Exceptions are occasionally produced by K and toward higher power (note, how-W ever, the nonmonotonic power increase of in the step W function, fig. 7B , likely to be caused by discontinuities in handling nonbreeding individuals; Pamilo and Crozier 1996) , and by M, , G, and especially g 1 and g L toward C t weaker power. The first three of the measures with weak power lack resolution in some cases (figs. 5, 6), whereas the latter two sometimes completely fail to increase as inequality increases (figs. 1, 6). Overall, exceptions are rare, with 13 measures giving in all cases identical power curves to that of the sample variance. Hence, studies that detect inequality through resampling various measures (e.g., Hovi et al. 1996 ; L. Keller and M. Krieger, unpublished data) can be expected to give similar power as the simpler alternative of using a measure such as or I for which 2 s x critical values are available (table 1) .
Inequality Values of Observed Leks
We collected data from the literature to compile a table of inequality information from natural leks (table 2) . Based on this data set, we calculated Spearman rank correlations between all the measures (table 3), using both the 71 leks of this data set and a simulated data set of 71 leks, with the number of males and copulations combined randomly from the true lek data set and the mating distribution for each case drawn randomly either from the geometric (with random l) or the step function (with random n 0 /n) distribution. This comparison should reveal whether the emerging correlations stem from the properties of the indices only or from properties of leks themselves.
Although the ranges of different measures vary considerably, most of the measures are significantly positively intercorrelated, but 24% of all correlations between measures in table 3 fail in this respect. Failure is unlikely to result from insufficient data, as the number of leks was large ( ); moreover, 39% of these nonsignificant corn = 71 relations were negative. Indices that do not obey the upper bound of 1 most often deviate from the common pattern in that they mainly reflect changes in either n (such as g L :
between g L and n in the simulated data, r = 0.52 r = s s in the lek data; in both cases) or in the mean 0.82 P ! .001 ). Such differences may de-P ! .001 stroy any significant correlation between two skew measures. As a result, any degree to which two such indices measure a common "inequality" property is obscured by different reactions to varying n or .
x The overall pattern of interrelationships between indices, the sample size (n), and the mean resource level ( ) x can be viewed as multidimensional scaling (MDS; Shiffman et al. 1981) plots (fig. 8) . A general pattern is clear from both the simulated and the lek data. Indices are arranged in an almost continuous spectrum between n and , but they also exhibit a similarity that is shown in x the consistent deviation along a second axis. Four measures ( , d, , and I) are very closely associated with 2 * s m x the mean, whereas one (g L ) is most associated with the sample size (n). The ranking of indices on the mean-sample size axis is broadly consistent between the simulated and lek examples. The null hypothesis of random mating can be rejected for 68 leks out of 71. This is most clearly seen either in the value of exceeding 0.5 or in the lower limit of the I p confidence interval of K being greater than 0 (table 2). . Power is estimated from a = 0.05 performing one-sided significance tests (using critical values or, where these are not available, through resampling the null distribution of equal gain propensities) for 1,000 resampled data sets from each distribution. Inequalities are generated either from geometrically decreasing resource gain propensities (left panels), with l describing the inequality (eq. Thus, leks fulfill the most important aspect of measuring inequality: difference from a completely random mating pattern. Another pattern that arises is that the measure values tend to decrease with lek size. The suspicion that this is an artifact of increasing lek size per se (e.g., Mackenzie et al. 1995b ) is now greatly reduced because of the persistent differences in r s between the real and simulated data set: for example, with H, B, and K med , the correlation between n and the skew value is nonsignificant for the simulated data set ( , 0.16, and Ϫ0.01, respecr = Ϫ0.15 s tively, with each ) but significantly negative in the P 1 .05 field data set ( , Ϫ0.60, and Ϫ0.68, with each r = Ϫ0.68 s ). Most other measures show similar decreases in P ! .005 , although they do not always satisfy the criterion of not r s showing a correlation with n initially. The MDS pattern also supports the view of a generally decreasing association between n and the skew measures when looking at field data rather than simulated data: measures tend to be closer to the point n in the simulated data set ( fig. 8 ).
Discussion
Our test data sets show that different inequality measures may react in completely opposite ways to changes in the number of competitors and/or mean resource acquisition. These results should serve as a warning for anyone who believes that problems related to statistical properties of the different indices are of mathematical interest only. Sadly, neither a unique definition for inequality nor criteria for "correct" responses to varying sample sizes exist. Specifically, no measure can keep its value constant, as competitor numbers or resource levels vary when the inequality arises from different distributions.
How, then, should one measure inequality of individual success? Clearly, any measure should lead to rigorous and correct interpretations in terms of the ecological process taking place in the system. Stating the equation used and its resulting value is a purely descriptive task and can as such hardly ever be stated "wrong." However, yielding truly useful information may depend on the question to be answered. Given that several measures can be used to distinguish between "more" and "less" unequal distributions of a resource, one should choose the appropriate one based on specific requirements.
We have summarized our results in the form of a decision tree ( fig. 9 ). Just to show that the measured distribution is nonrandom, one needs only to show that the observed data cannot, in the sense of a statistical significance level, result from a null model with all competitors having an equal propensity to gain each resource unit. The simplest approach is to test the observed distribution against a Poisson distribution (e.g., Clutton-Brock et al. 1988) . The Morisita index also performs well in this respect, although it demands slightly more computational steps (Krebs 1989) . All measures presented offer the possibility to compare the observed value with that of a resampled null distribution, though actual studies have so far seldom used this approach (for exceptions, see Bradbury et al. 1985; Hovi et al. 1996) .
When significant inequalities are observed, one is often interested in comparing two or more inequality values ( fig.  9) . Here, problems arise because the measures show widely different behavior when the number of competing individuals, their mean resource level, or the shape of the distribution of the resource varies. The description of inequality is simply not sufficiently definitive to give one measure the credit of "correctly" measuring skewness, and each measure effectively defines its own concept of inequality. As Hurlbert (1990, p. 262) says, "the usual approach has been to tinker with an index until it assumes the desired mathematical properties, all the while ignoring the fact that every modification implicitly redefines [inequality] ." The wide spread of indices in the MDS plot ( fig.  8 ) indicates considerable differences in definitions, while their relative locations remain broadly consistent across different data sets.
These problems can, however, be avoided in experimental work whenever the number of competitors, n, and the total resource to be divided, R, can be fixed (e.g., as in Grant and Kramer 1992) . Almost any index is then appropriate since we find all of them, except the skewness indices g 1 and g L , to increase with increasing inequality, at least in the two families of deviations studied. In nonexperimental settings, however, constancy in n and R are less likely to be achieved, and often one has to deliberately compare inequality patterns when the number of competitors varies. For example, the question of optimal lek sizes with unequal mating success requires such an approach (Widemo and Owens 1995; Kokko 1997) .
We can recommend two options to handle this problem, depending on the question asked. First, if the primary interest is not in inequality values as such but in a specific biological question concerning the share distribution, fitting a sensible distribution and/or presenting the original data can give much more precise information than presenting a table of inequality values, which, being summarizations of the entire distribution, are bound to lose some information of the distribution. Such a method has been used in lekking studies to assess the success prospects of high-and low-ranking males (Kokko et al. 1998 ). Second, if one still wishes to use inequality indices to summarize the data, for example, to see if temperature affects inequality in plant mass, we strongly recommend testing the robustness of the results by using several, and preferably more than just two or three, of the measures presented here. In a happy outcome, the relationship between the inequality measure and the ecological factor of interest remains intact regardless of which measure is used ( fig.  9 ). We can then be fairly confident about the effects of temperature on inequality. However, if the desired relationship arises with some measures but not with others, one is forced to suspect that variations in n and R may be more directly related to the question than inequality as such. There is no way to disentangle the effects of, say, the direct effect of temperature on the number of competing plants from the effect that temperature has on biomass inequalities, if the factor of interest (temperature) affects both simultaneously and leaves little independent variation. Such cases should become revealed by conflicting results when different inequality measures are used to detect the response.
Finally, when discussing the results obtained with different measures, one may refer to specific properties of some indices. Of all the measures, variance has the advantage of relating most directly to the opportunity of selection, which also gives the simplest approach to detecting a nonrandom resource distribution. However, the interpretation of "more" and "less" unequal distributions may be considered more intuitive with relative measures that have a bounded range. An iterative estimation of the underlying distribution gives the most accurate view of individual success (and the probable underlying resource share distribution), provided that the chosen distribution fits. Distribution indices such as the Morisita index present a midway approach, in that boundedness can be achieved (though the definition of "equal" inequality in cases where sample sizes vary is less clear), while still having a direct test for significance available.
Our conclusion that every measure gives its own definition of inequality does not justify an arbitrary choice of a measure. Rather, we stress that measuring inequality is meaningful only if the measure is related to the original question and the relationship is fully understood. The "correct" solution is likely to vary with the system that one is studying, and in cases where inequality may arise from distributions differing in shape, the usage of many indices must be recommended.
As an example, the reason for studying skewness in the context of lekking is the question of how aggregated male displays can originate through males attempting to maximize their individual mating prospects, while these prospects remain unequal (Widemo and Owens 1995; Kokko 1997) . Much of the discussion has concentrated on whether or not inequality ("skew" in the original papers) decreases with lek size, and how this influences group formation when individuals have conflicting interests (Mackenzie et al. 1995b; Widemo and Owens 1995; Keller and Krieger 1996) . In the light of our example data set, the tendency of diminishing inequality with a growing lek size is confirmed. However, decreasing inequality as such does not translate directly into estimates of individual success. Even if we have shown that most measures give correlated results, most of them do not consider individual success. It turns out that the only one that does, K, leaves room for different interpretations. We show elsewhere (Kokko et al. 1998 ) that the effect of the inequality of the mating distribution on expected individual success, and hence lek stability, is extremely sensitive to changes in the fitted relationship of inequality values and lek size. With the problems of small sample sizes and the scatter of inequality values in the currently available data sets, there may simply be insufficient power to make statistical inferences on the originally posed question.
Anyone using inequality measures should consider the logical link between the biological question and the chosen measure. Sensitivity analysis should not be forgotten; this includes testing deviations not only from randomness but also between different alternative scenarios that may underlie an observed data set if a study is to imply conclusions from comparisons of different inequality values.
